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Abstract
Human pluripotent stem cells hold great promise for developments in regenerative medicine and drug design. The 
mathematical modelling of stem cells and their properties is necessary to understand and quantify key behaviours and 
develop non-invasive prognostic modelling tools to assist in the optimisation of laboratory experiments. Here, the recent 
advances in the mathematical modelling of hPSCs are discussed, including cell kinematics, cell proliferation and colony 
formation, and pluripotency and differentiation.
Keywords Human pluripotent stem cells · Mathematical modelling
1 Introduction
Human pluripotent stem cells (hPSCs) have the ability to 
self-renew indefinitely through repeated divisions (mitosis) 
and can differentiate into any bodily cell type (the pluripo-
tency property). The latter property underpins their prom-
ising clinical applications in drug discovery, cell-based 
therapies and personalised medicine [1, 2]. Amongst oth-
ers, cardiomyocytes [3], pancreatic cells [4] and corneal 
cells [5] have all been successfully created from hPSCs. In 
the lab, hPSCs are grown in mono-layer colonies of up to 
thousands of cells (Fig. 1) from which they can be directed 
for specific experiments or therapies, or expanded to pro-
duce further hPSC colonies. They occur either as human 
embryonic stem cells (hESCs) derived from the early 
embryo, or human induced pluripotent stem cells (hiPSCs) 
which are derived by the genetic reprogramming of differ-
entiated cells [6]. The latter approach, which received the 
2012 Nobel Prize in Medicine or Physiology for its discov-
ery, offer patient-specific hPSCs without the ethical issues 
associated with hESCs.
Emerging biomedical technologies require the efficient, 
large-scale production of hPSCs [7]. Furthermore, applica-
tions of hPSCs in the clinic require great control over the 
pluripotency, clonality (the proportion of identical cells 
that share a common ancestry) and differentiation trajec-
tories in-vitro. However, the existing procedures for large 
scale experiments remain inefficient and expensive due to 
low cloning efficiencies of 1% to 27% (the percentage of 
single cells seeded that form a clone) [8, 9]. Understand-
ing factors which promote the efficient generation and 
satisfactory control of hPSC colonies (and their derivatives) 
is a key challenge.
Mathematical and computational modelling allows the 
identification of generic behaviours, providing a framework 
for rigorous characterisation, prediction of observations, 
and a deeper understanding of the under-lying natural 
processes. The application of mathematics to biology [10] 
has led to many significant achievements in medicine and 
epidemiology (for example, predicting the spread of ‘mad 
cow’ disease [11, 12] and influenza [13]), evolutionary biol-
ogy [14] and cellular biology (descriptions of chemotaxis 
[15] and predicting cancer tumour growth [16]). Similarly, 
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mathematical models are a powerful tool to further our 
understanding of hPSC behaviours and optimise crucial 
experiments.
The first mathematical model of stem cells, a stochastic 
model of cell fate decisions [17], has since been extended 
to include many other aspects of cell behaviour [18–22]. In 
particular, when such mathematical models are rigorously 
underpinned and validated on experimental observations, 
the reciprocal benefit for experimentation can be profound: 
an example is the development of an experimentally rained 
model of hiPSC programming, which led in turn to strategies 
for marked improvements in reprogramming efficiency [23].
Coherent mathematical models of hPSC properties may 
provide non-invasive prognostic modelling tools to assist 
in the optimisation of laboratory experiments for the effi-
cient generation of hPSC colonies. Statistical analysis of 
experimental data allows the quantification of stem cell 
behaviour which can then inform the development of 
these models. Here we shall discuss recent advances in 
the mathematical modelling of hPSCs and their impact.
This review focuses mostly on hESCs, with some limited 
discussion of hiPSCs. We first outline some of the key prop-
erties of hPSCs before focussing on recent developments 
in mathematical models of the key properties:
• Section 2: Key biological properties of hPSCs
• Section 3: Cell kinematics. The movement of cells alone, 
in relation to one another and within hPSC colonies.
• Section 4: Colony growth. Models capturing cell prolif-
eration, with and without a spatial component.
• Section 5: Cell pluripotency. Pluripotency regulation 
models, both intra-cellular and at the colony scale.
Finally, in Sect. 6 we provide a summary of the models 
discussed, their impact on biological experiments and the 
next steps for model development.
2  Key biological properties of hPSCs
The satisfactory understanding and control of hPSC evo-
lution remains elusive due to their complex behaviour 
over multiple scales: the intra-cellular scale (processes 
happening within cells), the cellular or micro-environ-
ment scale (the environmental effects on individual cells) 
and the colony scale (collective cell behaviours through-
out colonies), as illustrated in Fig. 2. Advances in imag-
ing and molecular profiling (classification based on gene 
expression) have identified the core processes within the 
evolving colony [8, 24–26]. Here we outline some of these 
key biological properties across these scales and their rel-
evance for mathematical modelling.
2.1  Intra‑cellular scale
The key intra-cellular behaviours integral to hPSC model-
ling are the cell cycle and pluripotency regulation. The cell 
cycle is the timed series of events controlling DNA replica-
tion and resulting in a cell division. The phases of the cell 
cycle are: G1 (growth phase), S (synthesis phase in which 
DNA is replicated), G2 (further growth) and M (mitosis, the 
cell division). The G1 phase is shortened for hPSCs, lead-
ing to more rapid proliferation than for somatic cells [27].
The maintenance of pluripotency depends on the sta-
ble inter-regulation of pluripotency transcription factors 
(PTFs) [28], mainly by the genes OCT4, SOX2 and NANOG 
[29]. Fluctuations of the PTF abundances are believed 
to cause the variation in pluripotency in different sub-
populations [28]. Destabilisation and the interaction of 
these PTFs with chemical signalling pathways triggers 
Fig. 1  Microscopy images of hESCs showing growing colonies from 
a a few cells up to colonies of b hundreds and c thousands
Fig. 2  Scales of hPSC behaviour: a intra-cellular scale e.g., cell cycle, 
division and inheritance of pluripotency factors. b Cell micro-envi-
ronment e.g., interaction with other cells, the medium and sub-
strate. c Colony-scale phenomena e.g., patterning of differentiated 
cells
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differentiation, the departure from the pluripotent state 
[28, 30] towards specific cell fates [31]. The cell cycle also 
affects pluripotency and cell fate [32] and vice versa [29, 
33, 34]. Moreover, recent work suggests that the PTFs are 
inherited asymmetrically as a cell divides [35], biasing 
the fate of the daughter cells and contributing to colony 
heterogeneity.
2.2  Micro‑environment
As in the embryo, the local environment of the cell is key 
to its in-vitro evolution. One of the leading environmental 
factors affecting hPSCs is the substrate on which they are 
grown. Substrates may either consist of a layer of mouse or 
human ‘feeder’ cells or a protein substrate, with the latter 
growing in popularity for clinical application since they 
avoid the risk of genetic contamination. The substrate 
influences pluripotency [36] and mobility [37] through 
its growth factors and adhesion forces. Low cell motility 
improves clonality by suppressing cross-contamination of 
colonies [38], although its role in colony heterogeneity is 
yet to be established.
As well as the substrate, cell–cell interactions are also 
important. hPSCs benefit from being in colonies where 
they exhibit higher viability and pluripotency [39]. hPSCs 
apparently sense each other up to a distance of around 
150 μm (of order 5 cell diameters) [40, 41]. Meanwhile, 
as the colony grows and becomes denser, the mutual 
mechanical pressure of the hPSCs can affect the cell cycle 
[42].
2.3  Colony scale
Perhaps most intriguing, yet least understood, are behav-
iours that emerge on a colony scale. The promotion of 
pluripotency in larger colonies [43, 44] shows that single 
cells are influenced by the whole colony. Indeed, it has 
been suggested that pluripotency is a collective statistical 
property of cells [45], rather than a well-defined property 
of individual cells.
Further colony-scale effects are evident in the spatial 
patterning of the cell fates after differentiation. Mechanical 
forces and chemical signals operating over distances larger 
than the cell separation influences single-cell genetic 
expression to form bands of differentiated cells [46] (illus-
trated in Fig.  2); these structures are enhanced under 
imposed boundaries, emphasizing the role of mechanical 
forces [47, 48]. With further understanding, mechanical 
effects and boundaries could be harnessed to engineer 
specific desired differentiated cells [49].
Incorporating these complex behaviours over multi-
ple scales into mathematical models is challenging. A key 
goal is to develop coherent models which capture the 
individual cell behaviours, e.g., cell kinematics and the 
inter-cellular maintenance of pluripotency, and lead to the 
observed collective effects on the colony scale, e.g., collec-
tive migration and the spatial patterning of pluripotency 
and differentiation.
3  Cell kinematics
Motility is an intrinsic property of hPSCs; they can increase 
their migratory activity under certain conditions [50]. Their 
migration is achieved through adaptations in cell mor-
phology via the reorganisation of the actin cytoskeleton 
to form a leading edge pseudopodia [51]. Unregulated cell 
migration in-vitro can cause clonality loss as the cell popu-
lation grows which is undesirable when a genetically iden-
tical clonal population is required [52, 53]. Furthermore, 
anomalous cell migration has been linked to deviations 
in the undifferentiated state of hiPSCs [54]. A thorough 
understanding of the migration of hESCs is needed to opti-
mise in-vitro clonality and facilitate the development of 
therapies for migration related disorders. Here we discuss 
the kinematics of isolated cells and their pairs as well as 
cell migration within colonies.
3.1  Kinematics of isolated cells and pairs
hPSCs are often seeded at low density to preserve the 
clonal purity of the emerging colonies. Migration of indi-
vidual cells between the incipient colonies can result in 
clonality loss. It is important therefore to quantify the 
migration of individual cells upon a growth plate.
The unconstrained motion of cells on a 2D plane can 
often be described as a 2D random walk, the simplest 
being Brownian motion [55, 56]. Random walks can be 
biased by an external source giving preference to move-
ment in a particular direction (a biased random walk or 
BRW). A correlated random walk (CRW) involves a corre-
lation in the direction of the next step in relation to the 
previous step, i.e., persistence, where the next step is more 
likely to be in the direction of the previous step, or anti-
persistence, where the next step is more likely to be in the 
opposite direction. CRWs often occur in cell kinematics in 
the absence of external biases [57–59].
The diffusive nature of a random walk can be quan-
tified by considering the mean square displacement 
(MSD) of cell trajectories. The MSD is a measure of the 
trajectory of a particle from its starting position over 
time, ⟨r2⟩ = ⟨(퐱 − 퐱
ퟎ
)2⟩ , where 퐱(t) is the position of the 
particle, 퐱0 is the initial position at t = 0 and angular 
brackets denote the average taken over all trajecto-
ries. For a typical diffusive particle, the MSD increases 
linearly with time, ⟨r2⟩ ∝ Dt , where D is the diffusion 
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coefficient. The root mean square displacement is given 
by ⟨r2⟩1∕2 =√2Dt  , from which D can be calculated. 
If ⟨r2⟩ ∝ Dt훼 , with 𝛼 < 1 the motion is sub-diffusive or 
super-diffusive with 𝛼 > 1.
The nature of individual cell movements has been 
observed through direct experiments with hPSCs (in 
particular hESCs) and analysed within the random walk 
framework [40, 41, 60]. The movement of single hESCs 
has been described as an isotropic random walk when 
the cells are in isolation, i.e., more than approximately 
150 μm away from any neighbouring cells. As the sepa-
ration distance decreases the cell movements become 
more directed towards each other, with motility-induced 
re-aggregation occurring in 70% of instances when the 
distance been two hESCs is less than 6.4  μm [40]. A 
minority of isolated single cells exhibit super-diffusive 
behaviour, contributing heavily to the motility related 
clonality loss [8, 40, 60]. Example experimental trajec-
tories for cells exhibiting typical diffusive behaviour 
and super-diffusive migration are shown in Fig. 3. These 
results show that individual cell movement influences 
hPSC clonality, although the biological causes of the 
distinct diffusive behaviours remains to be explored 
with further experiments. They can provide additional 
guidance for improvement of clonogenic assays in the 
analysis of hPSC self-renewal [40] and be used to iden-
tify timescales for motility-driven cross-contamination 
between colonies which is of practical use when produc-
ing high clonality colonies.
Our study containing further experimental analysis of 
hESCs [41] has shown evidence of correlated random walks 
of individual isolated stem cells. Single hESCs (more than 
150 μm away from any neighbouring cells, as in [40]) tend 
to perform a locally anisotropic walk, moving backwards 
and forwards along a preferred local direction correlated 
over a time scale of around 50 min, becoming more per-
sistent over time. The motion is also aligned with the axis 
of cell elongation (Fig. 3) which could suggest an attempt 
to locate other neighbouring cells. Further experiments 
should quantify how the presence of multiple neighbours 
affects this anisotropic movement.
Our study also found that pairs of hESCs in close prox-
imity tend to move in the same direction, with the average 
separation of 70 μm or less and a correlation length (the 
length scale of communication) of around 25 μm. Often 
the pairs of cells remained connected by their pseudopo-
dia, even at larger distances (> 100 μm) when they exhib-
ited independent movements. For the correlated pairs, it 
is not known whether the movement correlation is facili-
tated by the physical connection or the coordination is 
due to cell–cell chemical contact alone.
This quantification of cell motility allows the direct com-
parison of cell movement between cell types and under 
different experimental conditions. For example, the addi-
tion of a CellTracer (a common biological marker allow-
ing the tracking of cell generations) results in significantly 
reduced migratory behaviour for individual cells [60].
There is evidence that cell migration in 3D does not fol-
low a persistent random walk and new models will need 
to be developed to accurately describe this motion [61]. 
These experimental results further inform the develop-
ment of individual based models for cell migration as a 
random walk and can be integrated into more complex 
models of cell movement within colonies in-vitro.
3.2  Colony kinematics
Stem cells also exhibit motion as part of larger groups and 
colonies. The coordinated migration of large numbers of 
hPSCs in-vivo is essential in tissue generation [62] and 
wound healing [63]. The modelling of such larger groups 
and colonies of hPSCs is more complex, as both collective 
and individual behavioural effects are involved [64].
Popular agent-based models have been developed 
to incorporate these results into colony models, but the 
challenges still remain to fully capture the experimental 
behaviours, especially collective aspects and cell migra-
tion in 3D. These agent-based migration models are often 
combined with models of colony growth and proliferation 
[65, 66].
(a) (b)
(c)
Fig. 3  Example single cell trajectories for a isotropic motion around 
a central point and b a directed walk. The initial and final cell cen-
troid positions are shown as a circle and a square respectively (note 
that these points are not representative of cell or nucleus size). c A 
single hESC migrating backwards and forwards along a local axis. 
The blue dot shows the cell nucleus and the black arrow the direc-
tion of instantaneous velocity. The scale bars are 30  μm in length 
[41]
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hPSCs show coordinated intra-colony movements 
which cease upon differentiation [67]. Cell movement 
speed varies within colonies, with higher average speed 
at the periphery and lower in the central region [54]. 
Recently, a two-dimensional individual-based stochastic 
model was developed of cell migration, cell–cell con-
nections and cell–substrate connections and captures 
well these experimental observations [65]. The model 
introduces the energies of cell–cell and cell–substrate 
connections. Any energy released by breaking and form-
ing these connections allows cell migration to one of 
the eight directions on a square lattice. The direction of 
movement is determined at random based on a prob-
ability related to the cell’s energy and a spatial weight-
ing which favours a side rather than a diagonal direction 
(as described in [68]). Cell proliferation and quiescence 
(the reversible state of a cell in which it does not divide) 
are also included. The observation of the spatial differ-
ence in average movement rates is difficult to explain by 
experimental results alone. This computational model 
suggests that cell division is a leading factor in the 
increased mobility at the colony edges and will be useful 
for studying further behaviours of hiPSCs and improving 
bio-processing experiments.
So far we have considered the movement of cells in 
2D, analogous to the common experimental practice of 
growing cells on a flat substrate. However, culturing cells 
in 3D is becoming prevalent in order to provide a more 
realistic representation of the in-vivo behaviours of hPSCs 
[69] and for modelling in-vitro engineering of tissues on 
3D scaffolds [70].
There are recently developed models which provide a 
good starting point for a 3D simulation, such as the Physi-
Cell model, originally developed for cancer cells but trans-
ferable to other cell types including hPSCs [71]. The model 
implements cell movement by defining a persistence 
time, a migration speed and a migration bias, allowing for 
a range of cell motions from Brownian to deterministic. 
Movement due to the mechanical interactions between 
neighbouring cells is also included.
Modelling 3D cell movement on a discrete lattice is 
widely used, e.g., for mesenchymal stem cell tissue differ-
entiation [72] and cancer stem cell driven tumour growth 
[73]. Some models allow many lattice nodes per cell as in 
the Potts model [74]. There is also a range of 3D agent-
based continuous models where cell movement is not 
restricted to a grid but a cell can move continuously in 
any direction as illustrated in 2D in Fig. 4 [75, 76]. Here 
the movement is described using forces or potentials with 
positions obtained from differential equations of motion 
for each cell. In centre based models (CBM), each cell is 
represented by a simple geometrical object, such as a cir-
cle, whereas in vertex models a cell is defined by a number 
of connected nodes [77]. These models will be discussed 
in more detail in Sect. 4.
There are also models which focus on the cells’ chang-
ing morphology. For example, a model has been devel-
oped for mesenchymal stem cells which includes the ran-
dom formation, elongation and retraction of pseudopodia, 
resulting in dragging forces which lead to cell movement 
[66]. This model can quantitatively reproduce the spatio-
temporal organisation of cells and emphasises the impor-
tance of cell–cell interactions in tissue formation. However, 
the model of Ref. [66] shows more ballistic and accelerated 
dynamics than experimental results [78]. How much of this 
discrepancy is due to differences in cell type and cultur-
ing conditions should be investigated further to clarify the 
model’s applicability to different experiments.
Informed by experimental results, these general cellular 
computational models could be adapted to describe the 
3D movement of hPSCs both in culture and in-vivo.
4  Colony growth
Colonies of hPSCs are formed by repeated mitosis in which 
two genetically identical daughter cells are produced 
from the division of the mother cell. The cell cycle is the 
sequence of events that occur in a cell in preparation for 
the division as described in Sect. 2.1. The simplest math-
ematical models incorporate cell proliferation probabilis-
tically, with the division time for each cell drawn at ran-
dom from a suitable probability distribution [65]. Others 
go a step further by moving cells through each cell cycle 
phase according to timings based on experimental data 
[79] or as cell volume increases [66]. Sometimes divisions 
do not occur; this probabilistic nature of self-renewal can 
be incorporated when the end of the cell cycle is reached 
[80]. There are also more complex models which describe 
the relationship between inter-cellular processes based on 
growth factors (proteins that regulate cell growth) [76] and 
Fig. 4  The migration of cells can be modelled either on a lattice or 
in continuous space
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more sophisticated mathematical models describing the 
cell cycle in terms of limit cycles [81].
The doubling time of stem cells number varies and 
can be affected by various environmental and chemical 
factors, including cell density and the colony maturity [8, 
82–84]. Models of colony growth can be dynamical-system 
type models that address the time evolution of the colony 
size, or spatial models which track individual cells and the 
growing colony in space and time.
4.1  Population dynamics models
Population models have been used to understand the pro-
cess by which blood cells are formed [22], cancer tumours 
grow [85] and the impact of hPSC colony growth on clon-
ality [86]. Early population dynamics models for stem 
cells were based on stochastic birth–death processes [17] 
involving systems of ordinary differential equations [87]. 
One of the most popular models for hPSCs includes two 
populations of dividing and non-dividing cells, with a term 
for accounting for cell loss through death or differentiation 
(often referred to as the Deasy model, which is a develop-
ment of the Sherley model to include cell loss) [88, 89]. 
The evolving number of cells over time N(t) is obtained as
where N0 is the initial number of cells, 훼 is the mitotic frac-
tion, Dt is the cell division time, and M is the number of 
lost cells.
More recently, hyperbolastic growth models (a new 
class of parameter model for self-limited growth behav-
iours [90]) have been introduced for both adult and embry-
onic stem cells [91]. These growth models provide more 
flexibility in the growth rate as the population reaches its 
carrying capacity and have been demonstrated to capture 
experimental data well [90, 91]. The population in this case 
is governed by a non-linear differential equation
with the initial condition N(0) = N0 , and the parameters L 
(representing the limiting value, or carrying capacity of the 
population), 훿 (the intrinsic growth rate), 훾 (a dimension-
less allometric constant) and 휃 (additional term allowing 
for the variation in the growth rate). This model can be 
used to describe both proliferation and cell death rates 
more accurately than Eq. (1) [91] and helps identify when 
the growth of cells becomes self-limiting, a biological 
problem currently not fully understood.
(1)N(t) = N0
[
1
2
+
1 − (2훼)t∕Dt+1
2(1 − 2훼)
]
−M,
(2)
dN(t)
dt
= (L − N(t))
�
훿훾t훾−1 +
휃√
1 + 휃2t2
�
,
Our most recent work develops a population model of 
the growth for hESC colonies based on experimental data 
[86]. We analysed the evolution of the colony populations 
and found that the distribution of colony sizes was multi-
modal, corresponding to colonies formed from a single cell 
and colonies formed from pairs of cells as shown in Fig. 5. 
This importantly shows inherent differences in the biologi-
cal behaviours of cells with different numbers of neigh-
bours. The colony populations can be described using a 
stochastic exponential growth model, with the growth 
rates of colonies emerging from single cell and cell pairs 
being drawn from normal distributions:
with 휇A = 0.039 and 휎
2
A
= 0.0062 , 휇B = 0.043 , 휎
2
B
= 0.0022 , 
훼 = 0.77 and 훽 = 0.23 inferred from the fitting to the exper-
imental data shown in Fig. 5. The growth rate for colonies 
emerging from pairs of cells is greater than for colonies 
founded by single cells. This means that colonies that have 
grown from cell pairs are larger not only due to the initial 
condition but also because their proliferation rate is larger. 
This is consistent with observations that hPSCs proliferate 
more effectively when in close proximity to other cells [39, 
92]. This difference is important when the clonality of a col-
ony needs to be assessed non-invasively, e.g., from its size.
Upon collection of further experimental data, the model 
can be expanded to describe colony growth from larger 
groups of founder cells. It is expected that the growth rate 
for colonies will increase with number of starting cells 
before reaching its peak and this should be quantified. 
These growth rates are also expected to vary under differ-
ent experimental conditions.
The model can be used to predict hPSC colony growth 
and to calculate the time scales over which colony size 
(3)
{
NA = e
훾At , 훾A ∼ N(휇A, 휎A
2), probability 훼,
NB = 2e
훾Bt , 훾B ∼ N(휇B , 휎B
2), probability 훽 ,
(a) (b)
Fig. 5  a The colony populations at 72 h after seeding with a lognor-
mal mixture model fitting for the single founding cell population 
(blue) and the pair founding cell population (orange). b The growth 
rate probability distributions for both populations. Adapted from 
[86]
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no longer predicts the number of founding cells based 
on their seeding density. Up to this critical time, colony 
size can be used as a non-invasive marker of clonal sin-
gle founder cell colonies. This model can also be used to 
simulate colony growth in space which is discussed in the 
next section.
4.2  Spatial modelling
Colony growth can also be modelled spatially and, as with 
cell migration, the models can either be set on a regular 
or irregular lattice or in continuous space. Each cell can 
be modelled individually in an agent-based model, or for 
large numbers of cells where agent-based models become 
computationally challenging, using continuum models. A 
thorough summary of these different model types, along 
with their advantages and disadvantages with a view 
to tissue mechanics is provided in [77]. Here the recent 
attempts to model hPSC colonies using a variety of these 
techniques will be discussed.
Our multi-population model, Eq.  (3), can be imple-
mented to explore the impact of colony growth on clon-
ality [86]. Generating homogeneous populations of clonal 
cells is of great importance [52, 53] as clonally derived 
stem cell lines maintain pluripotency and proliferative 
potential for prolonged periods [93]. To achieve this, 
cross-contamination and merger of colonies (illustrated 
in Fig. 6a) should be avoided.
Assuming that, initially, the cells are randomly scat-
tered in a growth area with a particular seeding density 
(the average number of cells per unit area), each cell (or 
group of cells) proliferates according to Eq. (3). Each colony 
is then approximated by a circle, with a certain position in 
space (the geometric centre of the founding cells) and a 
radius based on the population size and an assumed cell 
area of 250 μm2 [94]. The time at which a colony begins 
to merge with its neighbour, 휏 , is the time at which the 
perfect clonality is lost as illustrated in Fig. 6. Using the 
simulated values of 휏 and a least squares fitting leads to 
the equation 휏 = (−0.007 ± 0.0001)n0 + (102 ± 3) with 
R2 = 0.99 , 휏 in hours and n0 in cells/cm
2. We are therefore 
able to estimate the time taken for the first colony merge 
to occur from the simplified version of the fitting equation,
where n0 is the initial seeding density of cells before their 
attachment to the substrate in cells/cm2 and 휏 is produced 
in hours. These results can be used to achieve the best out-
come for homogeneous colony growth in-vitro by choos-
ing the optimal cell seeding density.
Other spatial models consider each individual cell’s 
position in space. Common vertex based models for 
(4)
휏
1 h
≈ 100 −
n0
140 cm−2
,
adult stem cell proliferation use Voronoi tessellation 
to describe cell position and areas. The colony area is 
divided so that the area occupied by a cell is obtained by 
tracing straight lines between the position of a cell and 
all its neighbours and drawing a perpendicular line in 
the middle as shown in Fig. 7a. These lines form a convex 
polyhedron called the Voronoi cell. The Voronoi cells are 
not uniform in shape and their number of sides varies. 
The tessellation can be constructed from experimental 
images using the cell centroid or cell nuclei positions, as 
shown in Fig. 7b [94]. Voronoi tessellation has been used 
to model adult stem cells in intestinal crypts in 2D [95, 
96] and is now being transferred to hESCs. The model 
uses an agent-based approximation in which each cell 
is represented as a Voronoi tessellation of the space [96, 
97]. The domain grows according to the pressure flow 
due to mitotic divisions in the colony. The dynamics 
between the cells are described by an elastic potential 
acting on each cell i as
with kv and kc elastic constants, 훼i the area of each cell, 
훼0 the equilibrium area and 퐫i the initial positions of the 
cells, which do not necessarily correspond to the centroids 
denoted with 퐫0i . The first term in the right hand side of 
(5)V (퐫i , t) =
kv
2
[
훼i(t) − 훼0(t)
]2
+
kc
2
[
퐫i(t) − 퐫0i(t)
]2
Fig. 6  a An example of two colonies merging from experimental 
images. The two colonies, shown in blue and orange are beginning 
to merge at 5 days after seeding. The scale bar represents 100 μm. 
b Diagram illustrating initially seeded cells and the colonies at 
time 휏 , the first time at which the two growing colonies touch each 
other from a simulation of the cell seeding model. The orange cells 
are classed as a pair and grow accordingly faster. From [86]
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Eq. (5) tends to enforce uniform cell size and the second 
one gives the shape of the cells. Since the forces are con-
servative, applying the gradient operator to Eq. (5) and 
adding a drag force, the total force acting on each cell is 
obtained.
The boundary of the colony is modelled using ‘ghost 
cells’ whose only function is to bound the domain. Fig-
ure 7c shows a simulated colony undergoing a cell divi-
sion. Cells in the middle of the colony experience a higher 
pressure and show mitotic arrest, i.e. they do not divide.
Spatially modelling each individual cell in a colony in 
this way raises an important question about the physical 
process involved in cell division: how does the colony rear-
range to make space for new cells? In Voronoi tessellation 
models [96, 97] the cells re-accommodate themselves 
according to the potential from the neighbouring cells or 
the crypt walls. In most square or hexagonal lattice-based 
models, one daughter cell is placed in the same position 
as the mother cell while the other is put in a neighbour-
ing position, chosen at random [98], isotropic mitosis. If 
there is no free position available next to the dividing cell, 
the neighbouring cells are re-arranged into other available 
free spaces stochastically until there is a free space next to 
the dividing cell [65] or, if this is impossible, mitosis is sup-
pressed (quiescence) [72, 99]. Further experimental time-
lapse image data is needed to clarify exactly how the new 
cells are placed in real colonies.
Proliferation also depends on spatial and environmental 
factors. There is evidence that high cell density reduces 
cell proliferation [42], which has been captured in a model 
showing preferential cell division at the colony edge [65]. 
Self-organisation of cells has also been observed, where 
the newly divided (smallest) cells cluster together in 
patches, separated from larger cells at the final stages of 
the cell cycle [94]. This segregation by cell size allows the 
interchange of neighbours as the colony grows and could 
directly influence cell-to-cell interactions and community 
effects.
All the models mentioned in this section (with the 
exception of [72]) consider the spatial formation of cells in 
2D. The general 3D cellular PhysiCell [71] model describes 
cells with a volume which varies with the cell cycle, with 
daughter cells having half the volume of their parent cell 
and are placed accordingly by their parent cell position. 
A combination of this model and the more hPSC specific 
spatial models could be adapted to describe the structure 
of 3D colonies.
Spatial models of hPSCs become increasingly complex 
with colony size, and it is difficult to successfully incor-
porate many properties of colony growth along with any 
collective migratory effects. The question of how colonies 
re-arrange upon cell divisions requires more experimental 
investigation to elucidate the best models. The develop-
ment of these models has already had an impact in under-
standing the growth of cancer tumours [100] and wound 
healing [101].
5  Cell pluripotency
Pluripotency is the defining characteristic of stem cells, 
often referred to as a cell’s ‘stemness’. It is hPSCs pluripo-
tency that gives them the capability of differentiating into 
any type of specialised cell in the human body. However, 
hPSCs can undergo spontaneous differentiation which is 
undesirable for further experimental applications. Math-
ematical models of pluripotency are deepening our under-
standing of how pluripotency is regulated, leading to the 
optimisation and control of pluripotency in the laboratory.
The decision of a stem cell to remain pluripotent or to 
differentiate into a particular specialised cell is known as its 
fate decision. It is not known when a cell makes this deci-
sion. Even clonal cells under the same conditions make dif-
ferent fate decisions and it remains unclear how much fate 
choice is lead by inherited factors versus environmental 
Fig. 7  a Voronoi diagram illustrating how colony area is split into 
tessellated cells. b The Voronoi tessellation obtained from the 
centroid positions of cells in an experimental microscopic image 
[94]. c Voronoi tessellation to simulate a proliferating hESC colony. 
The cells divide and give rise to two daughter cells under suitable 
conditions, see highlighted cells outlined in yellow. The colour bar 
shows the elastic field in Eq. (5)
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factors and intracellular signalling [102]. There are several 
thorough reviews of the computational models of cell fate 
decisions [103–105]. Here we focus on the regulation of 
pluripotency and spatial patterning within colonies.
Biomedical and clinical applications of hPSC colonies 
demand tight control of colony pluripotency and homo-
geneity [43], yet this remains challenging. At a single-cell 
level, pluripotency is inherently stochastic; indeed, it has 
been proposed that pluripotency is only defined statisti-
cally within a population [45]. Cells are regulated by their 
local environment [54, 106], notably their beneficial inter-
actions with neighbours [44, 46]. Colonies exhibit hetero-
geneous subpopulations of cells with differing levels of 
PTF expression [28, 30] suggesting a play-off between 
disruptive single-cell and regulatory community effects. 
Such heterogeneity is undesirable, biasing evolution the 
trajectories and leading to spatially disordered differen-
tiation [47]. Here we will consider intra-cellular models of 
pluripotency based on PTFs, and the spatial organisation 
of pluripotency at the colony level.
5.1  Fluctuating PTFs
The positive-feedback regulation between PTFs (the 
transcription factors which regulate pluripotency, see 
Sect. 2.1) was first described as a first order differential 
equation model using the Hill equations [107]. However, 
the parameters of such a model are difficult to estimate 
accurately [108]. More recently, PTFs have been modelled 
through branching processes [109]. A thorough review of 
the models of pluripotency is available [18], along with a 
review of computational modelling of the fate control of 
mouse embryonic stem cells, with many models transfer-
able to hPSCs [105].
Recent experimental work has investigated how the 
PTFs vary over time, and how maternal PTFs are transmit-
ted and distributed between the daughter cells [35]. The 
OCT4 abundance in the cells was tracked over time before 
and after the addition of an agent which induces differen-
tiation (BMP4). The cell fates were also recorded. The OCT4 
values over time for all cells, organised by cell fate (pluri-
potent, unknown or differentiated), are shown in Fig. 8a.
We are currently working on modelling the trends and 
fluctuations in pluripotency over time based on the experi-
mental OCT4 data in [35]. First we quantified the nature 
of the persistence of the OCT4 time series. The Hurst 
exponent, H is a measure of the the long-term memory 
of a time series, with H = 0.5 corresponding to Brown-
ian motion, 0 <  H < 0.5 anti-persistence (a preference 
to change the direction of the last step) and 0.5 < H < 1 
persistence (a preference to continue the trend of the last 
step). The mean Hurst exponent for the OCT4 data is 0.36, 
signifying anti-persistence and importantly suggesting 
self-regulation of pluripotency. We are exploring stochas-
tic modelling techniques, particularly fractional Brownian 
motion to capture the anti-persistence and the stochastic 
logistic equation to model the evolutions of the cells. Both 
of these models are well established, however their appli-
cation to modelling pluripotency is novel.
As the general OCT4 levels is inherited after cell divi-
sion, pluripotency levels are most similar among closely 
related cells even when a reasonable level of randomness 
is allowed for [35]. The analysis in [35] also shows that 
OCT4 is not always equally allocated between daughter 
cells upon cell division with the split being sometimes 
asymmetric, as shown in Fig. 8b. Models of pluripotency 
inheritance should take into account this variation in the 
splitting ratio upon cell division. This study also suggests 
that a cell’s decision to differentiate is largely determined 
before the differentiation stimulus is added and can be 
predicted by a cell’s pre-existing OCT4 signalling patterns. 
These results imply that the choice between developmen-
tal cell fates can be largely predetermined at the time of 
cell birth through inheritance of a pluripotency factor [35]. 
Note that although the cell pre-stimulation status can 
influence the stimulation efficacy, the addition of BMP4 
still favours the shift towards a differentiated phenotype.
It is worth noting that here only OCT4 is considered due 
to the availability of experimental data. For future work 
Fig. 8  a OCT4 values over time, coloured by cell fate—pluripotent 
cells (red), unknown (yellow) and differentiated (green). Time zero 
is the time the differentiation inducing factor BMP4 is added to 
the cells. Figure reproduced from [35]. b The OCT4 splitting ratio 
between daughter cells before and after BMP4 addition. Figure 
from [35]
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similar experiments should be conducted for NANOG and 
SOX2 to investigate the relationships between the three 
PTFs and any differences in their dynamics. This would 
then allow the development of a system of coupled equa-
tions to describe the PTF behaviour.
These results highlight the important properties for 
models of hPSC pluripotency to capture at the individual 
cell level: the stochastic inheritance of PTFs, the anti-per-
sistence or self-regulation of pluripotency and the pre-
determined cell fate decision. Suitable models can then 
be developed to not only represent the behaviour on an 
individual cell scale, but also the colony scale.
5.2  Spatial organisation
Pluripotency also shows spatial variation on the colony 
scale. Preliminary experiments monitoring the OCT4 levels 
in colonies grown from single cells at 72 h post seeding 
show that pluripotency is clustered, with highly pluripo-
tent cells grouped together, as shown in Fig. 9.
The differentiation of hPSCs also shows distinctive spa-
tial patterning [46, 47]. Experiments monitoring the pluri-
potency marker SOX2 and the differentiation marker AP2훼 
have shown that differentiation occurs preferentially at the 
colony periphery in a band of constant width, independ-
ent of colony size, as illustrated schematically in Fig. 2c and 
shown in Fig. 10 [46]. These differentiated cells originate 
from the outer third of the colony, and remain at the edge. 
This provides important information for modelling the 
spatial patterning of the pluripotent state.
This within-colony spatial patterning behaviour of the 
differentiation has been captured by a mechanical bido-
main model [110], a continuum model first developed 
to describe the elastic behaviour of the cardiac tissue 
[111]. The model predicts that differentiation and trac-
tion forces occur within a few length constants of the 
colonies edge, consistent with the experimental results 
for differentiation in hPSCs [46, 47]. The model assumes 
that differences in displacement are responsible for any 
mechanotransduction (chemical processes through 
which cells sense and respond to mechanical stimuli) 
and describes both the intra and extra-cellular spaces 
in colonies with relationships between stress, strain and 
pressure forces. The basic equation for the difference 
between the intra and extra-cellular displacements for 
changing distance from the colony centre r, ur and wr 
respectively as
where T is a uniform stress caused by the growth and 
crowding of cells, 휈 is the shear modulus, 휎 is a length 
constant and R is the colony radius. This model shows 
that if the difference between the intra-cellular and extra-
cellular displacements drives the differentiation, then 
differentiation is confined to the edge of the colony. This 
model could be further developed to include more com-
plicated geometries as currently the colony is assumed to 
be circular to allow analytical solutions to the model equa-
tions. Furthermore, it is worth investigating whether the 
cell growth represented by the tension T is a function of 
ur − wr alone, as observations for hESCs suggest distinct 
actin organization and greater myosin activity near the 
colony edge, implying that T could be non-uniform [46].
Further experiments are needed to collect data on the 
pluripotency of cells across colonies. Analysis of the data 
using techniques common in spatial statistics will allow 
(6)ur − wr = −
T휎
4휈
exp
{
r − R
휎
}
,
Fig. 9  A microscopy image of a hESC colony at 72 h after seeding, 
alongside a colour-coded version of the same colony quantifying 
the level of expression of OCT4. Red represents the highest pluri-
potency with blue representing the lowest. Scale bar represents 
50 μm
Fig. 10  a Phase (top) and immunostaining images (bottom) of 
hESC colonies before and after BMP4 addition. b Analysis of expres-
sion of a pluripotency marker SOX2 and differentiation marker 
(AP2훼 ) 3 days after BMP4 treatment. Fluorescent intensity is plotted 
as a function of distance from the colony edge and normalized to 
the maximum intensity of each colony [n = 20 colonies, p < 0.0001 
and represents statistics for AP2훼 (green) and SOX2 (red) levels 
between distance 35 μm and 175 μm from the edge using a two-
tailed paired t test]. Error bars represent standard deviations from 
the mean. Adapted from [46]
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the continued development of pluripotency models on 
the colony scale.
6  Discussion
Mathematical and computational models of hPSC growth 
are essential in formulating non-invasive predictive tools. 
Although we have focussed on hPSCs here, it is worth 
noting that similar models are used to describe the repro-
gramming of somatic cells into iPSCs, which is still a low-
yield process with the underlying processes of cell fate 
decision uncharacterised [6]. As the reprogramming is a 
stochastic process, most mathematical models in this area 
probabilistic [23]. A model describing cell types as a set of 
hierarchically related dynamical attractors representing 
cell cycles has lead to the identifications of two mecha-
nisms for reprogramming in a two-level hierarchy: cycle-
specific perturbations and a noise-induced switching [21]. 
These reprogramming protocols make specific predictions 
concerning reprogramming dynamics which are broadly 
in line with experimental findings. Another reprogram-
ming model using a two-type continuous-time Markov 
process with a constant reprogramming rate has revealed 
two different modes of cellular reprogramming dynamics: 
TF expression alone leads to heterogeneous reprogram-
ming while TFs plus certain other factors homogenise the 
dynamics [112].
Here we have discussed some key properties of hPSCs: 
cell kinematics, cell proliferation and cell pluripotency. 
However, there are other important factors which could 
be included in modelling, e.g., environmental factors, 
cell–cell signalling, intra-cellular properties and collective 
migration. Models isolating a few of these key properties 
have often captured experimental results well. For exam-
ple, focussed migration models have lead to a greater 
understanding of the behaviour of isolated cells [40, 41, 
60] and the movement of cells within colonies [65, 66]. It 
is worth noting here that since it is not known what causes 
homogeneity in the motility characteristics of individual 
cells, the analysis is often statistical, considering average 
properties of the population as a whole.
There are many population models for colony prolifera-
tion, taking into account cell divisions and deaths, provid-
ing a distinct computational advantage over more com-
plex spatio-temporal models. Models of colony growth 
have been used to investigate the impact of colony expan-
sion on clonality [86], cell regeneration within intestinal 
crypts [95, 96] and tumour growth [100].
Many current efforts focus on modelling cell pluripo-
tency and cell fate, as applications of hPSCs require greater 
control over pluripotency and differentiation trajectories. 
The stochastic nature of pluripotency at the single cell 
level [45], along with regulatory community effects leads 
to heterogeneous sub-populations across colonies [28, 
30]. Recent studies of the fluctuations of PTFs throughout 
colonies [35] and spatial patterning of differentiation [46, 
47] are being used to inform the development of models 
of pluripotency and cell fate.
Developing comprehensive models of hPSCs remains 
challenging, due to their many complex properties across 
multiple scales, and not yet characterised collective behav-
iour effects. It is also difficult to match parameters with 
experimental observations. Model refinement should be 
based on a two-way interaction with experiments; model 
parameters should be informed by experimental results, 
and models should influence experimental design. Such 
models have already helped provide an insight into tissue 
formation, wound healing, tumour growth and the repro-
gramming of iPSCs and will no doubt continue to do so as 
these models progress.
Acknowledgements We acknowledge financial support from Newcas-
tle University, and European Community (IMI-STEMBANCC, IMI-EBISC, 
ERC #614620), NC3R NC/CO16206/1) and BBSRC UK (BB/I020209/1) 
for providing financial support for this work. IN acknowledges the 
grant from the Russian Government Program for the recruitment of 
the leading scientists into Russian Institution of Higher Education 
14.w03.31.0029. SOF thanks the National Council for Science and 
Technology (CONACYT), Mexico, for the scholarship CVU-174695. 
AS acknowledges partial financial support of the Leverhulme Trust 
(Grant RPG-2014-427).
Compliance with ethical standards 
Conflict of interest The authors declare that they have no conflict of 
interest.
Open Access This article is licensed under a Creative Commons Attri-
bution 4.0 International License, which permits use, sharing, adap-
tation, distribution and reproduction in any medium or format, as 
long as you give appropriate credit to the original author(s) and the 
source, provide a link to the Creative Commons licence, and indicate 
if changes were made. The images or other third party material in this 
article are included in the article’s Creative Commons licence, unless 
indicated otherwise in a credit line to the material. If material is not 
included in the article’s Creative Commons licence and your intended 
use is not permitted by statutory regulation or exceeds the permitted 
use, you will need to obtain permission directly from the copyright 
holder. To view a copy of this licence, visit http://creat iveco mmons 
.org/licen ses/by/4.0/.
References
 1. Ebert AD, Svendsen CN (2010) Human stem cells and drug 
screening: opportunities and challenges. Nat Rev Drug Discov 
9(5):367–372
 2. Zhu Z, Huangfu D (2013) Human pluripotent stem cells: an 
emerging model in developmental biology. Development 
140(4):705–717
Vol:.(1234567890)
Review Paper SN Applied Sciences (2020) 2:276 | https://doi.org/10.1007/s42452-020-2070-3
 3. Liu YW, Chen B, Yang X, Fugate JA, Kalucki FA, Futakuchi-
Tsuchida A, Couture L, Vogel KW, Astley CA, Baldessari A, Ogle J, 
Don CW, Steinberg ZL, Seslar SP, Tuck SA, Tsuchida H, Naumova 
AV, Dupras SK, Lyu MS, Lee J, Hailey DW, Reinecke H, Pabon 
L, Fryer BH, MacLellan WR, Thies RS, Murry CE (2018) Human 
embryonic stem cell-derived cardiomyocytes restore function 
in infarcted hearts of non-human primates. Nat Biotechnol 
36(7):597–605
 4. Jacobson EF, Tzanakakis ES (2017) Human pluripotent stem 
cell differentiation to functional pancreatic cells for diabetes 
therapies: innovations, challenges and future directions. J Biol 
Eng 11:21
 5. Hallam D, Hilgen G, Dorgau B, Zhu L, Yu M, Bojic S, Hewitt 
P, Schmitt M, Uteng M, Kustermann S, Steel D, Nicholds M, 
Thomas R, Treumann A, Porter A, Sernagor E, Armstrong L, 
Lako M (2018) Human-induced pluripotent stem cells generate 
light responsive retinal organoids with variable and nutrient-
dependent efficiency. Stem Cells 36(10):1535–1551
 6. Takahashi K, Tanabe K, Ohnuki M, Narita M, Ichisaka T, Tomoda 
K, Yamanaka S (2007) Induction of pluripotent stem cells from 
adult human fibroblasts by defined factors. Cell 131(5):861–872
 7. Kropp C, Massai D, Zweigerdt R (2017) Progress and challenges 
in large-scale expansion of human pluripotent stem cells. Pro-
cess Biochem 59:244–254
 8. Barbaric I, Biga V, Gokhale PJ, Jones M, Stavish D, Glen A, Coca 
D, Andrews PW (2014) Time-lapse analysis of human embry-
onic stem cells reveals multiple bottlenecks restricting colony 
formation and their relief upon culture adaptation. Stem Cell 
Rep 3:142–155
 9. Watanabe K, Ueno M, Kamiya D, Nishiyama A, Matsumura M, 
Wataya T, Takahashi JB, Nishikawa S, Nishikawa S, Muguruma K, 
Sasai Y (2007) A ROCK inhibitor permits survival of dissociated 
human embryonic stem cells. Nat Biotechnol 25(6):681–686
 10. Murray JD (2002) Mathematical biology I. An introduction, 
3rd edn. Volume 17 of Interdisciplinary applied mathematics. 
Springer, New York
 11. Barnes R, Lehman C (2013) Modeling of bovine spongiform 
encephalopathy in a two-species feedback loop. Epidemics 
5(2):85–91
 12. Al-Zoughool M, Cottrell D, Elsaadany S, Murray N, Oraby T, 
Smith R, Krewski D (2015) Mathematical models for estimating 
the risks of bovine spongiform encephalopathy (BSE). J Toxicol 
Environ Health B Crit Rev 18(2):71–104
 13. Kissler SM, Gog JR, Viboud C, Charu V, Bjørnstad ON, Simonsen 
L, Grenfell BT (2019) Geographic transmission hubs of the 2009 
influenza pandemic in the United States. Epidemics 26:86–94
 14. Servedio MR, Brandvain Y, Dhole S, Fitzpatrick CL, Goldberg 
EE, Stern CA, Van Cleve J, Yeh JD (2014) Not just a theory—the 
utility of mathematical models in evolutionary biology. PLoS 
Biol 12(12):1–5
 15. Hillen T, Painter KJ (2008) A user’s guide to pde models for 
chemotaxis. J Math Biol 58(1):183
 16. Altrock PM, Liu LL, Michor F (2015) The mathematics of 
cancer: integrating quantitative models. Nat Rev Cancer 
15(12):730–745
 17. Till JE, McCulloch EA, Siminovitch L (1964) A stochastic model 
of stem cell proliferation, based on the growth of spleen colony 
forming cells. Proc Natl Acad Sci USA 51:29–36
 18. Pir P, Le Novere N (2016) Mathematical models of pluripotent 
stem cells: at the dawn of predictive regenerative medicine. 
Methods Mol Biol 1386:331–350
 19. Olariu V, Peterson C (2019) Kinetic models of hematopoietic 
differentiation. Wiley Interdiscip Rev Syst Biol Med 11(1):e1424
 20. Xu H, Ang YS, Sevilla A, Lemischka IR, Ma’ayan A (2014) 
Construction and validation of a regulatory network for 
pluripotency and self-renewal of mouse embryonic stem cells. 
PLoS Comput Biol 10(8):1–14
 21. Hannam R, Annibale A, Kühn R (2017) Cell reprogramming 
modelled as transitions in a hierarchy of cell cycles. J Phys A 
50(42):425601
 22. MacLean AL, Lo Celso C, Stumpf MPH (2017) Concise review: 
stem cell population biology: insights from hematopoiesis. 
Stem Cells 35(1):80–88
 23. Hanna J, Saha K, Pando B, van Zon J, Lengner CJ, Creyghton MP, 
van Oudenaarden A, Jaenisch R (2009) Direct cell reprogram-
ming is a stochastic process amenable to acceleration. Nature 
462(7273):595–601
 24. Tokunaga K, Saitoh N, Goldberg IG, Sakamoto C, Yasuda Y, 
Yoshida Y, Yamanaka S, Nakao M (2014) Computational image 
analysis of colony and nuclear morphology to evaluate human 
induced pluripotent stem cells. Sci Rep 4:6996
 25. Maddah M, Shoukat-Mumtaz U, Nassirpour S, Loewke K (2014) 
A system for automated, noninvasive, morphology-based eval-
uation of induced pluripotent stem cell cultures. J Lab Autom 
19(5):454–460
 26. Suga M, Kii H, Niikura K, Kiyota Y, Furue MK (2015) Development 
of a monitoring method for non-labeled human pluripotent 
stem cell growth by time-lapse image analysis. Stem Cells 
Transl Med 4(7):720–730
 27. Becker KA, Ghule PN, Therrien JA, Lian JB, Stein JL, van Wijnen 
AJ, Stein GS (2006) Self-renewal of human embryonic stem 
cells is supported by a shortened G1 cell cycle phase. J Cell 
Physiol 209(3):883–893
 28. Li M, Izpisua Belmonte JC (2018) Deconstructing the pluripo-
tency gene regulatory network. Nat Cell Biol 20(4):382–392
 29. Zhang X, Neganova I, Przyborski S, Yang C, Cooke M, Atkinson 
SP, Anyfantis G, Fenyk S, Keith WN, Hoare SF, Hughes O, Stra-
chan T, Stojkovic M, Hinds PW, Armstrong L, Lako M (2009) A 
role for NANOG in G1 to S transition in human embryonic stem 
cells through direct binding of CDK6 and CDC25A. J Cell Biol 
184(1):67–82
 30. Kumar RM, Cahan P, Shalek AK, Satija R, DaleyKeyser A, Li 
H, Zhang J, Pardee K, Gennert D, Trombetta JJ, Ferrante TC, 
Regev A, Daley GQ, Collins JJ (2014) Deconstructing tran-
scriptional heterogeneity in pluripotent stem cells. Nature 
516(7529):56–61
 31. Wang Z, Oron E, Nelson B, Razis S, Ivanova N (2012) Distinct lin-
eage specification roles for NANOG, OCT4, and SOX2 in human 
embryonic stem cells. Cell Stem Cell 10(4):440–454
 32. Pauklin S, Vallier L (2013) The cell–cycle state of stem cells 
determines cell fate propensity. Cell 155(1):135–147
 33. Ouyang J, Yu W, Liu J, Zhang N, Florens L, Chen J, Liu H, Wash-
burn M, Pei D, Xie T (2015) Cyclin-dependent kinase-mediated 
Sox2 phosphorylation enhances the ability of Sox2 to establish 
the pluripotent state. J Biol Chem 290(37):22782–22794
 34. Lee J, Go Y, Kang I, Han Y, Kim J (2010) Oct-4 controls cell-cycle 
progression of embryonic stem cells. Biochem J 426(2):171–181
 35. Wolff SC, Kedziora KM, Dumitru R, Dungee CD, Zikry TM, Beltran 
AS, Haggerty RA, Cheng J, Redick MA, Purvis JE (2018) Inherit-
ance of OCT4 predetermines fate choice in human embryonic 
stem cells. Mol Syst Biol 14(9):e8140
 36. Hwang NS, Varghese S, Elisseeff J (2008) Controlled differentia-
tion of stem cells. Adv Drug Deliv Rev 60(2):199–214 (Emerging 
Trends in Cell-Based Therapies)
 37. Zaman MH, Trapani LM, Sieminski AL, MacKellar D, Gong H, 
Kamm RD, Wells A, Lauffenburger DA, Matsudaira P (2006) 
Migration of tumor cells in 3d matrices is governed by matrix 
stiffness along with cell-matrix adhesion and proteolysis. Proc 
Natl Acad Sci 103(29):10889–10894
 38. Chang J, Kim MH, Agung E, Senda S, Kino-Oka M (2019) Effect 
of migratory behaviors on human induced pluripotent stem 
Vol.:(0123456789)
SN Applied Sciences (2020) 2:276 | https://doi.org/10.1007/s42452-020-2070-3 Review Paper
cell colony formation on different extracellular matrix proteins. 
Regen Ther 10:27–35
 39. Chen G, Hou Z, Gulbranson DR, Thomson JA (2010) Actin-
myosin contractility is responsible for the reduced viability 
of dissociated human embryonic stem cells. Cell Stem Cell 
7(2):240–248
 40. Li L, Wang BH, Wang S, Moalim-Nour L, Mohib K, Lohnes D, 
Wang L (2010) Individual cell movement, asymmetric colony 
expansion, rho-associated kinase, and e-cadherin impact 
the clonogenicity of human embryonic stem cells. Biophys J 
98:2442–2451
 41. Wadkin LE, Orozco-Fuentes S, Neganova I, Swan G, Laude A, 
Lako M, Shukurov A, Parker NG (2018) Correlated random walks 
of human embryonic stem cells in vitro. Phys Biol 15(5):056006
 42. Wu J, Fan Y, Tzanakakis ES (2015) Increased culture density 
is linked to decelerated proliferation, prolonged G1 phase, 
and enhanced propensity for differentiation of self-renewing 
human pluripotent stem cells. Stem Cells Dev 24(7):892–903
 43. Bauwens CL, Peerani R, Niebruegge S, Woodhouse KA, 
Kumacheva E, Husain M, Zandstra PW (2008) Control of 
human embryonic stem cell colony and aggregate size het-
erogeneity influences differentiation trajectories. Stem Cells 
26(9):2300–2310
 44. Nemashkalo A, Ruzo A, Heemskerk I, Warmflash A (2017) 
Morphogen and community effects determine cell fates in 
response to bmp4 signaling in human embryonic stem cells. 
Development 144(17):3042–3053
 45. MacArthur BD, Lemischka IR (2013) Statistical mechanics of 
pluripotency. Cell 154(3):484–489
 46. Rosowski KA, Mertz AF, Norcross S, Dufresne ER, Horsley V 
(2015) Edges of human embryonic stem cell colonies display 
distinct mechanical properties and differentiation potential. 
Sci Rep 5:14218
 47. Warmflash A, Sorre B, Etoc F, Siggia ED, Brivanlou AH (2014) 
A method to recapitulate early embryonic spatial patterning 
in human embryonic stem cells. Nat Methods 11(8):847–854
 48. Etoc F, Metzger J, Ruzo A, Kirst C, Yoney A, Ozair MZ, Brivanlou 
AH, Siggia ED (2016) A balance between secreted inhibitors 
and edge sensing controls gastruloid self-organization. Dev 
Cell 39(3):302–315
 49. Xue X, Sun Y, Resto-Irizarry AM, Yuan Y, Aw Yong KM, Zheng 
Y, Weng S, Shao Y, Chai Y, Studer L, Fu J (2018) Mechanics-
guided embryonic patterning of neuroectoderm tissue from 
human pluripotent stem cells. Nat Mater 17(7):633–641
 50. Scadden DT (2006) The stem-cell niche as an entity of action. 
Nature 441(7097):1075–1079
 51. Petrie RJ, Doyle AD, Yamada KM (2013) The physics of adher-
ent cells. Rev Mod Phys 85(3):1327–1381
 52. Heins N, Lindahl A, Karlsson U, Rehnström M, Caisander G, 
Emanuelsson K, Hanson C, Semb H, Björquist P, Sartipy P, Hyll-
ner J (2006) Clonal derivation and characterization of human 
embryonic stem cell lines. J Biotechnol 122(4):511–520
 53. Glauche I, Bystrykh L, Eaves C, Roeder I (2013) Stem cell clon-
ality—theoretical concepts, experimental techniques, and 
clinical challenges. Blood Cell Mol Dis 50(4):232–240
 54. Shuzui E, Kim M, Kino-oka M (2019) Anomalous cell migration 
triggers a switch to deviation from the undifferentiated state 
in colonies of human induced pluripotent stems on feeder 
layers. J Biosci Bioeng 127(2):246–255
 55. Codling EA, Plank MJ, Benhamou S (2008) Random walk mod-
els in biology. J R Soc Interface 6(25):813–834
 56. de Back W, Zerjatke T, Roeder I (2017) Statistical and math-
ematical modeling of spatiotemporal dynamics of stem cells. 
Methods Mol Biol 2019:219–243
 57. Hall RL (1977) Amoeboid movement as a correlated walk. J 
Math Biol 4(4):327–335
 58. Potdar AA, Jeon J, Weaver AM, Quaranta V, Cummings PT 
(2010) Human mammary epithelial cells exhibit a bimodal 
correlated random walk pattern. PLoS ONE 5(3):1–10
 59. Gail MH, Boone CW (1970) The locomotion of mouse fibro-
blasts in tissue culture. Biophys J 10(10):980–993
 60. Wadkin LE, Elliot LF, Neganova I, Parker NG, Chichagova V, 
Swan G, Laude A, Lako M, Shukurov A (2017) Dynamics of 
single human embryonic stem cells and their pairs: a quan-
titative analysis. Sci Rep 7:570
 61. Wu P, Giri A, Sun SX, Wirtz D (2014) Three-dimensional cell 
migration does not follow a random walk. Proc Natl Acad Sci 
USA 111(11):3949–3954
 62. Muguruma K, Nishiyama A, Kawakami H, Hashimoto K, 
Sasai Y (2015) Self-organization of polarized cerebellar tis-
sue in 3d culture of human pluripotent stem cells. Cell Rep 
10(4):537–550
 63. Dekoninck S, Blanpain C (2019) Stem cell dynamics, migration 
and plasticity during wound healing. Nat Cell Biol 21(1):18–24
 64. Vedula SR, Ravasio A, Lim CT, Ladoux B (2013) Collec-
tive cell migration: a mechanistic perspective. Physiology 
28(6):370–379
 65. Nguyen TNT, Sasaki K, Kino-oka M (2019) Elucidation of human 
induced pluripotent stem cell behaviors in colonies based on 
a kinetic model. J Biosci Bioeng 127(5):625–632
 66. Hoffmann M, Kuska J, Zscharnack M, Loeffler M, Galle J (2011) 
Spatial organization of mesenchymal stem cells in-vitro results 
from a new individual cell-based model with podia. PLoS ONE 
6(7):1–16
 67. Zangle TA, Chun J, Zhang J, Reed J, Teitell MA (2013) Quantifica-
tion of biomass and cell motion in human pluripotent stem cell 
colonies. Biophys J 105(3):593–601
 68. Kino-Oka M, Umegaki R, Taya M, Tone S, Prenosil JE (2000) Valu-
ation of growth parameters in monolayer keratinocyte cultures 
based on a two-dimensional cell placement model. J Biosci Bio-
eng 89(3):285–287
 69. Lei Y, Jeong D, Xiao J, Schaffer DV (2014) Developing defined 
and scalable 3D culture systems for culturing human pluripo-
tent stem cells at high densities. Cell Mol Bioeng 7(2):172–183
 70. Yin X, Mead BE, Safaee H, Langer R, Karp JM, Levy O (2016) 
Engineering stem cell organoids. Cell Stem Cell 18(1):25–38
 71. Ghaffarizadeh A, Heiland R, Friedman SH, Mumenthaler SM, 
Macklin P (2018) Physicell: an open source physics-based 
cell simulator for 3-D multicellular systems. PLoS Comp Biol 
14(2):1–31
 72. Khayyeri H, Checa S, Tägil M, Prendergast PJ (2009) Corrobora-
tion of mechanobiological simulations of tissue differentiation 
in an in-vivo bone chamber using a lattice-modeling approach. 
J Orthop Res 27(12):1659–1666
 73. Poleszczuk J, Macklin P, Enderling H (2016) Agent-based mod-
eling of cancer stem cell driven solid tumor growth. Methods 
Mol Biol 1516:335–346
 74. Szabó A, Merks RM (2013) Cellular potts modeling of tumor 
growth, tumor invasion, and tumor evolution. Front Oncol 3:87
 75. Van Liedekerke P, Buttenschön A, Drasdo D (2018) Chap-
ter  14—off-lattice agent-based models for cell and tumor 
growth: numerical methods, implementation, and applications. 
In: Cerrolaza M, Shefelbine S, Garzón-Alvarado D (eds) Numeri-
cal methods and advanced simulation in biomechanics and 
biological processes. Academic Press, London, pp 245–267
 76. Adra S, Sun T, MacNeil S, Holcombe M, Smallwood R (2010) 
Development of a three dimensional multiscale computational 
model of the human epidermis. PLoS ONE 5(1):1–13
 77. Van Liedekerke P, Palm MM, Jagiella N, Drasdo D (2015) Simu-
lating tissue mechanics with agent-based models: concepts, 
perspectives and some novel results. Comput Part Mech 
2(4):401–444
Vol:.(1234567890)
Review Paper SN Applied Sciences (2020) 2:276 | https://doi.org/10.1007/s42452-020-2070-3
 78. Dieterich P, Klages R, Preuss R, Schwab A (2008) Anomalous 
dynamics of cell migration. Proc Natl Acad Sci 105(2):459–463
 79. Walker DC, Southgate J, Hill G, Holcombe M, Hose DR, Wood 
SM, Mac Neil S, Smallwood RH (2004) The epitheliome: agent-
based modelling of the social behaviour of cells. BioSystems 
76(1):89–100 (Papers presented at the Fifth International Work-
shop on Information Processing in Cells and Tissues)
 80. Ganguly R, Puri IK (2006) Mathematical model for the cancer 
stem cell hypothesis. Cell Prolif 39(1):3–14
 81. Adimy M, Crauste F, Halanay A, Neamţu M, Opriş D (2006) Sta-
bility of limit cycles in a pluripotent stem cell dynamics model. 
Chaos Soliton Fractals 27(4):1091–1107
 82. Park YB, Kim YY, Oh SK, Chung SG, Ku SY, Kim SH, Choi YM, Moon 
SY (2008) Alterations of proliferative and differentiation poten-
tials of human embryonic stem cells during long-term culture. 
Exp Mol Med 40(1):98–108
 83. Claassen DA, Desler MM, Rizzino A (2009) ROCK inhibition 
enhances the recovery and growth of cryopreserved human 
embryonic stem cells and human induced pluripotent stem 
cells. Mol Reprod Dev 76(8):722–732
 84. Turner J, Quek L, Titmarsh D, Krömer JO, Kao L, Nielsen L, 
Wolvetang E, Cooper-White J (2014) Metabolic profiling and 
flux analysis of MEL-2 human embryonic stem cells during 
exponential growth at physiological and atmospheric oxygen 
concentrations. PLoS ONE 9(11):1–13
 85. Michor F (2008) Mathematical models of cancer stem cells. J 
Clin Oncol 26(17):2854–2861 PMID: 18539964
 86. Wadkin LE, Orozco-Fuentes S, Neganova I, Bojic S, Laude 
A, Lako M, Parker NG, Shukurov A (2019) Seeding hESCs to 
achieve optimal colony clonality. Sci Rep 9:15299
 87. Loeffler M, Wichmann HE (1980) A comprehensive math-
ematical model of stem cell proliferation which reproduces 
most of the published experimental results. Cell Tissue Kinet 
13(5):543–561
 88. Deasy BM, Jankowski RJ, Payne TR, Cao B, Goff JP, Greenberger 
JS, Huard J (2003) Modeling stem cell population growth: 
incorporating terms for proliferative heterogeneity. Stem Cells 
21(5):536–545
 89. Sherley JL, Stadler PB, Stadler JS (1995) A quantitative 
method for the analysis of mammalian cell proliferation in 
culture in terms of dividing and non-dividing cells. Cell Prolif 
28(3):137–144
 90. Tabatabai M, Williams DK, Bursac Z (2005) Hyperbolastic growth 
models: theory and application. Theor Biol Med Model 2:14
 91. Tabatabai MA, Bursac Z, Eby WM, Singh KP (2011) Mathemati-
cal modeling of stem cell proliferation. Med Biol Eng Comput 
49(3):253–262
 92. Moogk D, Stewart M, Gamble D, Bhatia M, Jervis E (2010) 
Human ESC colony formation is dependent on interplay 
between self-renewing hESCs and unique precursors respon-
sible for niche generation. Cytom A 77A(4):321–327
 93. Amit M, Carpenter MK, Inokuma MS, Chiu C, Harris CP, Waknitz 
MA, Itskovitz-Eldor J, Thomson JA (2000) Clonally derived 
human embryonic stem cell lines maintain pluripotency and 
proliferative potential for prolonged periods of culture. Dev 
Biol 227(2):271–278
 94. Orozco-Fuentes S, Neganova I, Wadkin LE, Baggaley AW, Barrio 
RA, Lako M, Shukurov A, Parker NG (2019) Quantification of the 
morphological characteristics of hESC colonies. Sci Rep 9:17569
 95. Meineke FA, Potten CS, Loeffler M (2001) Cell migration and 
organization in the intestinal crypt using a lattice-free model. 
Cell Prolif 34(4):253–266
 96. Orozco-Fuentes S, Barrio RA (2017) Modelling the dynamics of 
stem cells in colonic crypts. Eur Phys J-Spec Top 226(3):353–363
 97. Barrio RA, Romero-Arias JR, Noguez MA, Azpeitia E, Ortiz-Gutié-
rrez E, Hernández-Hernández V, Cortes-Poza Y, Álvarez Buylla 
ER (2013) Cell patterns emerge from coupled chemical and 
physical fields with cell proliferation dynamics: the Arabidopsis 
thaliana root as a study system. PLoS Comput Biol 9(5):1–12
 98. Lehotzky D, Zupanc GKH (2019) Cellular automata modeling of 
stem-cell-driven development of tissue in the nervous system. 
Dev Neurobiol 79(5):497–517
 99. Pérez MA, Prendergast PJ (2007) Random-walk models of cell 
dispersal included in mechanobiological simulations of tissue 
differentiation. J Biomech 40(10):2244–2253
 100. Wang Z, Butner JD, Kerketta R, Cristini V, Deisboeck TS (2015) 
Simulating cancer growth with multiscale agent-based mod-
eling. Semin Cancer Biol 30:70–78 (Cancer modeling and net-
work biology)
 101. Tartarini D, Mele E (2016) Adult stem cell therapies for wound 
healing: biomaterials and computational models. Front Bioeng 
Biotechnol 3:206
 102. Symmons O, Raj A (2016) What’s luck got to do with it: single 
cells, multiple fates, and biological non-determinism. Mol Cell 
62(5):788–802
 103. Viswanathan S, Zandstra PW (2003) Towards predictive models 
of stem cell fate. Cytotechnology 41(2):75
 104. Macarthur BD, Ma’ayan A, Lemischka IR (2009) Systems biology 
of stem cell fate and cellular reprogramming. Nat Rev Mol Cell 
Biol 10(10):672–681
 105. Herberg M, Roeder I (2015) Computational modelling of embry-
onic stem-cell fate control. Development 142(13):2250–2260
 106. Stadhouders R, Filion GJ, Graf T (2019) Transcription factors 
and 3D genome conformation in cell-fate decisions. Nature 
569(7756):345–354
 107. Chickarmane V, Troein C, Nuber UA, Sauro HM, Peterson C 
(2006) Transcriptional dynamics of the embryonic stem cell 
switch. PLoS Comput Biol 2(9):1–13
 108. Gutenkunst RN, Waterfall JJ, Casey FP, Brown KS, Myers CR, 
Sethna JP (2007) Universally sloppy parameter sensitivities in 
systems biology models. PLoS Comput Biol 3(10):1–8
 109. Greaves RB, Dietmann S, Smith A, Stepney S, Halley JD (2017) A 
conceptual and computational framework for modelling and 
understanding the non-equilibrium gene regulatory networks 
of mouse embryonic stem cells. PLOS Comput Biol 13(9):1–24
 110. Auddya D, Roth BJ (2017) A mathematical description of a 
growing cell colony based on the mechanical bidomain model. 
J Phys D 50(10):105401
 111. Henriquez CS (1993) Simulating the electrical behavior of car-
diac tissue using the bidomain model. Crit Rev Biomed Eng 
21(1):1–77
 112. Liu LL, Brumbaugh J, Bar-Nur O, Smith Z, Stadtfeld M, Meiss-
ner A, Hochedlinger K, Michor F (2016) Probabilistic modeling 
of reprogramming to induced pluripotent stem cells. Cell Rep 
17(12):3395–3406
Publisher’s Note Springer Nature remains neutral with regard to 
jurisdictional claims in published maps and institutional affiliations.
